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restricting the appropriate precursors to the
intermediate B block of an A-b-B-b-A BBCP tri-
block copolymer nanoreactor. The inside and out-
side surfaces of the nanotubes are capped by inner
and outer A blocks. As an example, organic solvent-
soluble Au nanotubes (table S6 and supplemen-
tary text, section III) were synthesized by using
amphiphilic cellulose-g-(PS-b-PAA-b-PS) as a nano-
reactor (upper right panel in Fig. 1C and fig. S69).
The Au precursors were sequestered in the com-
partment containing the intermediate PAA blocks
and ultimately formed PS-capped Au nanotubes
(lower left panel in Fig. 1C). In Fig. 4C, the center
of the nanotubes appears brighter, signifying
that they are hollow. The HRTEM image (lower
right panel in Fig. 4C) and XRD pattern (fig. S62)
suggest that the nanotubes are highly crystalline.
Moreover, EDS measurements further corroborate
the successful formation of Au nanotubes (fig.
S65). The diameter of the hollow interior and the
thickness of the nanotube can be controlled by
tailoring the MWs of the inner PS block and
intermediate PfBA block during sequential ATRP.
Thus, an assortment of nanotubes with different
sizes and compositions can be produced, including
upconversion NaYF,:Yb/Er nanotubes (figs. S32
and S33) and semiconducting TiO, nanotubes
(figs. S34: and S4:6). Despite the uniform diameter
and thickness, there was a distribution of Au nano-
tube lengths (Fig. 4C) because of the different
lengths of the individual cellulose-Br macro-
initiators used to prepare the cellulose-g-(PS-b-
PAA-b-PS) nanoreactors. However, cellulose-Br
macroinitiators with uniform lengths can be
realized by fractional precipitation. Likewise, by
using cellulose-g-(PS-b-PAA-b-PEG) nanoreactors
(fig. S11), water-soluble nanotubes (e.g., Au, TiO,,
and NaYF,:Yb/Er nanotubes in figs. S35, S36, and
S37, respectively) can also be synthesized (table S7
and supplementary text, section III).

All of the 1D nanocrystals that we produced
(Figs. 2 to 4) had round ends. This is not sur-
prising, given that each cellulose backbone was
heavily grafted with diblock or triblock copoly-
mer arms. These arms can stretch out at the
two ends of the cylindrical BBCPs because of the
available space there. Moreover, the two ends of
the cellulose backbone have two hydroxyl groups,
which allows for the growth of a diblock or
triblock copolymer arm at each end. Together,
the brushes on the ends of the cylindrical BBCPs
have a hemispherical chain conformation. This
leads to the formation of hemisphere-shaped
nanocrystals situated at both ends of the 1D
nanocrystals. The reaction temperature for the
synthesis of nanorods was lower than the degrada-
tion temperature 73 of nanoreactors measured by
TGA [e.g., Tq = 210°C for cellulose-g-(PAA-b-PS)]
(fig. S54). Thus, the polymer templates are likely
encased by 1D nanocrystals.

We have developed a general and robust strategy
for the synthesis of a variety of 1D nanocrystals
in a way that allows high-level control over di-
mension, anisotropy, composition, surface chem-
istry, and architecture. Central to this effective
strategy is the rational design and synthesis of
functional BBCPs—composed of a cellulose back-
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bone densely grafted with diblock or triblock
copolymers of precisely tunable lengths—that
serve as nanoreactors. All of these 1D nanocrystals
can be used as building blocks in the bottom-up
assembly of nanostructured materials and devices
with desirable characteristics (enabled by the prop-
erties of individual nanocrystals and their proper
spatial arrangement) for use in optics, electronics,
optoelectronics, magnetic technologies, sensors,
and catalysis, among other applications. They can
also serve as model systems for fundamental re-
search in self-assembly, phase behavior, and crys-
tallization Kinetics of nanocrystals (25).
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MARINE MICROBIOME

Decoupling function and taxonomy in
the global ocean microbiome

Stilianos Louca,?>** Laura Wegener Parfrey,”>* Michael Doebeli***

Microbial metabolism powers biogeochemical cycling in Earth’s ecosystems. The taxonomic
composition of microbial communities varies substantially between environments, but the
ecological causes of this variation remain largely unknown. We analyzed taxonomic and
functional community profiles to determine the factors that shape marine bacterial and
archaeal communities across the global ocean. By classifying >30,000 marine microorganisms
into metabolic functional groups, we were able to disentangle functional from taxonomic
community variation. We find that environmental conditions strongly influence the distribution
of functional groups in marine microbial communities by shaping metabolic niches, but only
weakly influence taxonomic composition within individual functional groups. Hence, functional
structure and composition within functional groups constitute complementary and roughly
independent “axes of variation” shaped by markedly different processes.

icrobial communities drive global biogeo-
chemical cycling (7). Bacteria and archaea,
for example, strongly influence marine
carbon, nitrogen, and sulfur fluxes, thereby
modulating global ocean productivity and
climate (2, 3). Flucidating the processes that shape
microbial communities over space and time is im-
portant for predicting how biogeochemical cycles
will change with changing environmental conditions.

Taxonomic microbial community profiling can
reveal intriguing, but often unexplained, variation
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Fig. 1. Functional versus taxonomic predictability. (A) Cross-validated
coefficients of determination (Rg\,) for relative taxon abundances, achieved by
regression based on environmental predictor variables, averaged across taxa.
(B) Absolute rank correlations between environmental variables and relative
taxon abundances, at various taxonomic levels (one circle per variable and per
taxonomic level). Circle surface area and color saturation are proportional to
the absolute correlation. (C) Rg\, achieved by regression for relative functional
group abundances (blue bars) as well as for OTU proportions within each

functional group (gray bars, averaged across OTUs in each group). (D) Rank
correlations between environmental variables and relative functional group
abundances. Blue and red colors indicate positive and negative correlations,
respectively. Significant correlations (P < 0.05) are indicated by a black
perimeter. (E) Absolute rank correlations between environmental variables
and OTU proportions within each group, averaged across OTUs. For full dis-
tributions of RZ, across taxonomic levels, see figs. S2 and S3. For full dis-
tributions of correlations across taxonomic levels, see figs. S24 to S28.

between environments (4). Differences in meta-
bolic function among organisms are thought to
underlie much of this variation as a result of
selection for specific metabolic pathways based
on physicochemical conditions (“metabolic niche
effects” or “environmental filtering”). However,
other factors such as biotic interactions (5-7),
limits to spatial dispersal (4), and neutral demo-
graphic drift (8) could also affect community
composition. Moreover, distantly related microbes
can often perform similar metabolic functions,
further complicating a mechanistic interpreta-
tion of taxonomic community variation (9). Direct

SCIENCE sciencemag.org

estimates of functional potential in terms of com-
munity gene content using environmental shotgun
sequencing—or metagenomics—have revealed cor-
relations between the distribution of particular
metabolic pathways and environmental conditions
(2, 10). However, it is not known how metabolic
niche effects interact with other community as-
sembly mechanisms, nor how variation in taxo-
nomic composition relates to ecosystem function.
Ideally, one would hope to split community
variation into distinct components (“axes of
variation”), each of which relates to different
ecological processes.

Here, we combine taxonomic and functional
profiling of more than 100 bacterial and archaeal
communities across the global ocean to elucidate
the role of environmental filtering, global func-
tional redundancy, and dispersal limitation in
shaping marine microbial communities. We gen-
erated taxonomic profiles based on shotgun DNA
sequences of the 16S ribosomal gene, a standard
marker gene in microbial ecology (11). Functional
profiles were generated by associating individual
organisms with metabolic functions of particular
ecological relevance, such as photoautotrophy and
nitrate respiration, using an annotation database
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Fig. 2. Environmental filtering of microbial communities in the global
ocean. (A) Functional community profiles, with samples ordered according to
water column zone. SRF, surface water; DCM, deep chlorophyll maximum; MIX,
mixed layer; MES, mesopelagic (11). Darker colors correspond to higher relative
abundances. (B and C) Metric multidimensional scaling (MDS) of microbial com-
munities (one point per sample) based on Bray-Curtis dissimilarities in terms of
functional groups (B) and OTUs (C). Points in greater proximity correspond to

that we created on the basis of experimental
literature. We then explored taxonomic com-
position, functional potential, and taxonomic
composition within individual functional groups
in relation to environmental conditions and
geographical location.

We performed regression modeling of the rel-
ative abundances of functional groups, as well as
the proportions of various operational taxonomic
units (OTUs) within each functional group, using
15 key abiotic environmental variables such as
dissolved oxygen, salinity, temperature, and depth
(table S1). For each OTU or functional group, we
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used a stepwise model selection algorithm to
choose the appropriate subset of environmental
variables that maximized predictive power while
avoiding unrelated variables. In general, environ-
mental conditions strongly predicted the func-
tional profiles of microbial communities but
weakly predicted the taxonomic composition with-
in each functional group, as measured by the cross-
validated coefficient of determination of the models
(R2,). In particular, the R%, for the relative abun-
dances of almost all functional groups [mean
R%, = 0.48 + 0.27 (SD) over all functions] ex-
ceeded the average Rgv achieved for the OTU pro-

similar communities. (D) Community richness in terms of functional groups and
OTUs (one point per sample) after rarefaction. (E to G) Box plots of statistical
significances of the segregation of taxa or functional groups between water column
zones: DCM versus MES (E), DCM versus SRF (F), and MES versus SRF (G). The
horizontal line at 0.05 is shown for reference. (H) Box plots of pairwise rank cor-
relations between relative OTU abundances, depending on the number of shared
functions. In (E) to (H), whisker bars extend between the 17th and 83th percentiles.

portions within those groups (mean Rgv =015+
0.09 over all functions; Fig. 1C). To further explore
the relative importance of individual environmental
variables, we performed correlation analyses be-
tween each functional group or OTU and each
environmental variable. Consistent with our re-
gression modeling, most environmental variables
either correlated more strongly with relative func-
tional group abundances than with OTU propor-
tions within functional groups, or did not correlate
strongly with either of them (Fig. 1, D and E).
These patterns persisted at higher taxonomic
levels (e.g., genus, family, or order; figs. S1 and S2).
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Fig. 3. Functional redundancy in the global ocean. (A) Number of bacterial and archaeal taxa
represented within each functional group (one point per group) at various taxonomic levels. At the OTU and
genus level, aerobic chemoheterotrophs represent the most diverse group. (B) OTU proportions within the
group of aerobic ammonia oxidizers (one color per OTU). Samples are sorted according to the relative
abundance of the entire functional group. For OTU proportions within other functional groups, see fig. S6.
(C) Association of functional groups (columns) with members of microbial classes (rows). A darker color
corresponds to a higher relative contribution of a class (in terms of the number of OTUs) to a functional
group. Rows are clustered by taxonomic relationships [based on the SILVA database, release 119 (28),
cladogram shown on the right]; columns are hierarchically clustered by similarity.

Hence, our results are not caused by suboptimal
choice of taxonomic resolution, but reflect a general
lack of environmental effects on the composition
within functional groups.

The interaction between environmental con-
ditions and function is only partly reflected in
overall taxonomic community structure. Regres-
sion models of relative taxon abundances against
environmental variables at the whole-community
level and at any taxonomic resolution had a lower
Rgv (Fig. 1A and fig. S3) than achieved for most

SCIENCE sciencemag.org

functional groups (blue bars in Fig. 1C), but com-
parable to or higher than the mean Rgv achieved
for the taxon proportions within functional groups
(gray bars in Fig. 1C and fig. S2). Similarly, environ-
mental variables were generally less correlated to
relative taxon abundances at the community level
than to relative functional group abundances (Fig.
1B versus Fig. 1D). Further, the distinction between
water column zones based on function is compa-
rable in strength to a distinction based on tax-
onomy at the whole-community level (Fig. 2, B

and C, and fig. S4). Indeed, permutational mul-
tivariate analysis of variance (PERMANOVA) tests
(I7) of dissimilarities in community composition
yielded similar pseudo-F statistics (23.8 and 24.4,
respectively; P < 0.001 in both cases). Similarly,
the segregation of functional groups between water
column zones (e.g., mesopelagic versus surface) was
comparable to or higher than the segregation of
taxa (as determined by permutation tests; Fig. 2,
E to G). Together, these results support the inter-
pretation that overall community structure results
from the superposition of functional structure,
which is strongly related to environmental con-
ditions, and composition within functional groups,
which is only weakly related to environmental
conditions. In particular, an organism’s metabolic
potential appears to be the main trait selected for
by environmental conditions across the global
ocean. In support of this interpretation, we found
that OTUs sharing a higher number of functions
tend to correlate with each other more positively
(Fig. 2H), consistent with a strong role for metabolic
niche effects (11).

Our results also suggest that energetic and
stoichiometric constraints, not the identity of the
microbes, drive ocean microbial metabolic func-
tion. Indeed, we found that the proportions of
individual OTUs within a functional group were
generally only weakly correlated to the group’s
overall abundance (figs. S5 and S6). Similar
smaller-scale observations have been reported
previously. In a wastewater treatment plant, the
ratio of aerobic ammonia-oxidizing bacteria and
heterotrophic bacteria remained constant over
time, while highly variable taxonomic compo-
sition within each functional group was only
weakly explained by environmental factors (8).
In another study, metatranscriptomics in two
distinct ocean regions revealed strongly con-
served diurnal succession patterns of community
gene expression, despite largely nonoverlapping
taxonomic affiliations of transcripts between the
two regions (12).

If environmental conditions interact with func-
tional community structure, what drives the tax-
onomic variation within individual functional
groups? The high taxonomic richness and varia-
bility within functional groups indicate a high
global functional redundancy (Fig. 3 and fig. S6),
which may have emerged partly as a result of
horizontal gene transfer (7). The variation within
functional groups that is not explained by our
regression models could be due to limited gran-
ularity of our environmental characterizations
and functional assignments. For example, unknown
physicochemical variables and phenotypic dif-
ferences within functional groups could drive
location-dependent growth differences between
competing clades. This may explain why, in some
cases, functional groups were dominated by a
few OTUs in multiple samples despite a high OTU
richness (fig. S6). However, the variables considered
here are known to be important predictors for ma-
rine microbial community composition (73, 74), and
it is unlikely that unconsidered environmental var-
iables alone could explain the apparent random-
ness seen within so many functional groups (fig. S6)
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Fig. 4. Community dissimilarities versus geographical distances in the mesopelagic zone.
(A and B) Bray-Curtis dissimilarities between microbial communities, compared with geographical
distances (one point per sample pair). Community dissimilarities are calculated in terms of relative
functional group abundances (A) and relative OTU abundances (B). Spearman rank correlations (p)
and statistical significances (P) are shown. Only sample pairs in the mesopelagic zone and within the
same ocean region are considered. Least-squares regression lines are shown for reference. (C and D)
Similar to (A) and (B), but showing residual Bray-Curtis dissimilarities after accounting for envi-
ronmental effects. For other taxonomic resolutions, see fig. S8. For dissimilarities within functional
groups, see figs. S9 and S11. For surface water samples, see fig. S7.

when compared to the much better predictability
of functional community structure (Fig. 1).
Alternatively, spatially limited dispersal may
cause distribution patterns not attributable to
environmental conditions, although its impor-
tance for microorganisms is generally thought
to be low and to depend strongly on the type of
environment [e.g., lakes versus open ocean (4)].
Marine microorganisms, in particular, can be
dispersed at global scales by large ocean currents
and were previously found to be recruited from a
global marine seed bank (15). To test the effects
of dispersal limitation, we compared geographical
sample distances with dissimilarities in functional
and taxonomic composition at the community
level as well as within individual functional groups.
To avoid comparisons spanning continental land
masses, we only considered sample pairs with-
in the same ocean region. When environmental
effects were not taken into account, Mantel cor-
relation tests revealed significant positive cor-
relations between geographical distances and
community dissimilarities (P < 0.05; Fig. 4, A
and B, fig. S7, A and B, and fig. S8, A to C), con-
sistent with previous findings at similar scales
(14). We also observed weaker distance decay
in similarity within functional groups (figs. S9
and S10). When we accounted for environmental
effects, residual dissimilarities showed no signif-
icant correlations with geographical distance,
neither at the community level (Fig. 4, C and D,
fig. S7, C and D, and fig. S8, D to F) nor within
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functional groups (figs. S11 and S12). This sug-
gests that the distance decay in similarity is driven
by environmental variation affecting community
function (and, to a lesser extent, composition
within functional groups) and that dispersal
limitation in the open ocean is of limited im-
portance relative to other community assembly
mechanisms.

Unexplained variation may be driven by
community-level processes such as metabolic
interdependencies, chemical signaling and de-
fense, or predation by viruses and eukaryotes
(5-7, 16). For example, predation by bacteriophages
specialized on specific hosts can cause variation
in host community composition that cannot be
attributed to environmental variation (76). Func-
tional community structure and taxonomic com-
position within functional groups thus appear to
constitute roughly complementary axes of varia-
tion, with the former being affected more strongly
by environmental conditions and the latter shaped
greatly by community-level processes (5). Other
mechanisms such as priority effects (17) or de-
mographic drift (8) may also explain some of the
variation within functional groups.

Marker gene sequencing can yield detailed mi-
crobial taxonomic community profiles and reveal
intriguing variation—for example, down the ocean
water column (74). The high dimensionality of
these profiles, however, poses a challenge to their
mechanistic interpretation. Generic statistical
techniques such as principal components analysis

into functional groups enables the integration of
functional, taxonomic, and environmental infor-
mation to elucidate community assembly pro-
cesses. Comparison of functional profiles with
environmental variables (Fig. 1D) yields insight
into the processes driving variation in community
composition along geochemical gradients and,
reciprocally, gives information about the effects
of that variation on ecosystem processes, although
specific causal mechanisms need to be experimen-
tally validated. For example, our functional profiles
reveal that groups capable of fermentation or
nitrate respiration are overrepresented in deeper
zones, where oxygen is often limiting and nitrate
serves as an alternative electron acceptor for
respiration (Fig. 2A). The prevalence of alternative
metabolic modes at depth leads to increased
richness of both functional groups and OTUs,
especially in the mesopelagic zone (Fig. 2D). Al-
though an increase of taxonomic richness with
depth has been noted before (14), our analysis
shows that this richness gradient is related to
the number of available metabolic niches.

The zonation of functional groups with depth
(Fig. 2A) is reflected in metagenomic profiles of
the same samples (fig. S14:) (14) and in previous
metagenomic studies (2). However, metagenomic
profiles do not directly translate into functional
potential, because the same or similar genes can be
involved in different—in some cases reversed—
metabolic pathways, depending on the microorga-
nism (21). For example, variants of the dissimilatory
sulfite reductase genes (dsrAB), abundant in the
mesopelagic zone (fig. S14), could be involved
in either respiratory sulfur reduction or chemo-
lithotrophic sulfur oxidation (22). Such ambigu-
ities are inherent to metagenomics (21) and apply
equally to methods that estimate community gene
content by projecting marker genes to sequenced
genomes (fig. S14) (23). On the other hand, our
phenotype profiles suggest that sulfide and sul-
fite oxidizers are generally more abundant than
sulfate respirers (Fig. 2A), indicating that de-
tected dsrAB genes are mainly involved in sulfur
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oxidation. Translation of taxonomic informa-
tion into phenotype profiles based on experi-
mental evidence can thus facilitate the ecological
interpretation of metagenomes. The full poten-
tial of phenotype profiling remains underused
because of our current inability to associate
many known taxa with any function. For exam-
ple, a large fraction of the ubiquitous but poorly
studied phylum Thaumarchaeota is potentially
involved in ammonia oxidation (24) but had to be
excluded from our functional annotations (II).
Similarly, microeukaryotes likely contribute to
several metabolic functions, such as photosyn-
thesis or cellulolysis. Future functional profiling
should thus include eukaryotic microorganisms
and incorporate putative metabolic potential
for uncultured clades revealed by single-cell
genomics (25).

The bulk of global biogeochemical fluxes is
driven by a core set of metabolic pathways that
evolved in response to past geochemical condi-
tions (I). Through time, these pathways have
spread across microbial clades that compete
within metabolic niches, resulting in an enormous
microbial diversity characterized by high func-
tional redundancy. As shown here, splitting varia-
tion of microbial community composition into
variation of functional structure and taxonomic
variation within functional groups reveals an
intriguing pattern: The functional component
in itself captures most of the variation predicted
by environmental conditions, whereas the residual
component (i.e., variation within functional groups)
only weakly relates to environmental conditions.
This has implications for the interpretation of
differences in community structure across envi-
ronments and time. Differences in taxonomic
composition that do not affect functional com-
position may have little relevance to ecosystem
biochemistry; conversely, physicochemically sim-
ilar environments could host taxonomically dis-
tinct communities (26). Functional (rather than
purely taxonomic) descriptions of microbial com-
munities should therefore constitute the baseline
for microbial biogeography, particularly across
transects where geochemical gradients shape
microbial niche distribution (27). The residual
variation within functional groups can then be
analyzed separately to elucidate additional com-
munity assembly mechanisms such as biotic in-
teractions, dispersal limitation, or demographic
drift. An incorporation of global microbial func-
tional profiles, and their response to potentially
changing environmental conditions, into future
biogeochemical models will greatly benefit re-
constructive and predictive modeling of Earth’s
elemental cycles.
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SENSORY BIOLOGY

Bats perceptually weight prey cues
across sensory systems when hunting

in noise

D. G. E. Gomes,"? R. A. Page,’ I. Geipel,' R. C. Taylor,"? M. J. Ryan,"* W. Halfwerk">*

Anthropogenic noise can interfere with environmental information processing and thereby
reduce survival and reproduction. Receivers of signals and cues in particular depend on perceptual
strategies to adjust to noisy conditions. We found that predators that hunt using prey sounds
can reduce the negative impact of noise by making use of prey cues conveyed through additional
sensory systems. In the presence of masking noise, but not in its absence, frog-eating bats
preferred and were faster in attacking a robotic frog emitting multiple sensory cues. The behavioral
changes induced by masking noise were accompanied by an increase in active localization
through echolocation. Our findings help to reveal how animals can adapt to anthropogenic noise
and have implications for the role of sensory ecology in driving species interactions.

nthropogenic noise is a globally rising envi-
ronmental pollutant that has been linked
to lower survival and reduced reproductive
success of many animal taxa (7-3). Noise
can mask environmental cues, making it
difficult to hear moving prey or approaching pred-
ators, and can interfere with the perception of
acoustic communication signals (3-6). Signal
producers may be able to reduce the masking

ISmithsonian Tropical Research Institute, Apartado 0843-
03092 Balboa, Panama. 2Max Planck Institute for
Ornithology, Seewiesen 82319, Germany. Department of
Biology, Salisbury University, Salisbury, MD 21801, USA.
“Department of Integrative Biology, University of Texas,
Austin, TX 78712, USA. ®Department of Ecological Science,
VU University, Amsterdam 1081 HV, Netherlands.
*Corresponding author. Email: w.h.halfwerk@vu.nl

impact—for example, by calling louder (7-9)—but
such signaling strategy is unavailable to receivers.
Some receivers can depend on perceptual strategies
to maintain cue detection and thereby adapt to
noisy environments (10, 1I).

Predators such as bats and owls are highly spe-
cialized to hunt prey by ear (72); thus, noise that
masks prey sounds severely hampers their forag-
ing success (4, 5). However, predators may be able
to adapt to masking levels of anthropogenic noise
by actively shifting their attention or emphasis
placed on processing cues from different sensory
modalities from the same prey (13-16). We refer
to this as cross-modal perceptual weighting (7).

We studied the effect of masking noise on the
attack behavior of the fringe-lipped bat (7rachops
cirrhosus), a neotropical species that is specialized
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